ABSTRACT We propose a new adaptive active contour model (ACM) based on weighted region-based pressure force (RBPF) which is applied to SAR image segmentation. First, the normalized intra-class variances of pixel grayscales of inner and outer areas are used as the new coefficients of the grayscale descriptions of inner and outer areas. Then, the weighted RBPF is constructed to control the curve motion more accurately. Second, when calculating the grayscale descriptions of the inner and outer areas, adaptive weights are introduced to reduce the effect of interference pixels, which improves the accuracy of the grayscale descriptions. Furthermore, some regularized terms are incorporated into the objective functional to ensure the stability of the model. The segmentation results for various kinds of images demonstrate that the proposed model is superior to some state-of-the-art ACMs in segmentation performance and is robust to the initial curve.
I. INTRODUCTION
Image segmentation is a fundamental technique behind object extraction, recognition, and tracking. The segmentation effect has an important impact on subsequent real applications. Therefore, research on image segmentation has always been a popular direction. Compared to other image segmentation methods, active contour models (ACMs) have some obvious superiorities, namely simple modeling, high calculation efficiency, and no requirements for shape and number of objects. Thus, many researchers pay a lot of attention to active contour models [1] - [6] .
Currently, active contour models can be classified into two broad categories: global grayscale-based models (GGBMs) [7] - [12] and local grayscale-based models (LGBMs) [13] - [18] . GGBMs draw on global grayscale features of images to control the curve motion and they are good at handling images in the presence of simple and nonuniform grayscale features. Moreover, the placement of initial
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curve has almost no influence on the final results. However, GGBMs are hard to deal with images in the presence of complex and nonuniform grayscale features. The most notable GGBM is the Chan Vese (CV) model [19] which assumes that the image is only composed of foreground and background areas whose pixel grayscales are homogeneous. The CV model computes the global grayscale differences of pixels in the foreground and background areas to control the curve motion and segments images without relying on gradient features; thus, it is able to handle images in the presence of weak edges. Zhang et al. [20] presented another GGBM which puts forward the novel region-based signed pressure force (RBSPF). The RBSPF function is constructed by comparing the image pixel grayscales with the mean of the grayscale descriptions of the inner and outer areas, which makes the curve shrink or expand. Furthermore, the Gaussian filter function is used to maintain the regularization of the curve. Consequently, the RBSPF model can efficiently segment homogeneous images. Whereas, both the above-mentioned GGBMs are unable to obtain satisfying segmentation results for in-homogeneous images. To settle this problem, LGBMs are developed which draw on local grayscale features of images to control the curve motion. Thus, they can cope with in-homogeneous images well. Dong et al. [21] presented a classical LGBM based on the novel local RBPF (LRBPF) function. In the LRBPF model, the local grayscale information is related to grayscale differences between the mean of the local grayscale descriptions of the inner and outer areas and the image pixel grayscales. In addition, the original image is preprocessed by the average filter and then the difference image is obtained by subtracting the original image from the filtered image. Afterward, this difference image is taken as the input image in which the foreground and background areas have relatively high grayscale contrast. Hence, the LRBPF model can achieve good segmentation performance. Niu et al. [22] presented another new LGBM with local region-based similarity factor (LRBSF). The LRBSF function computes local grayscale differences limited in the local windows and refers to the local spatial distance in the meantime. Thus, the LRBSF model can guarantee desired extraction results and can also partially repress the effect of noise. However, its convergence rate is slow and it requires a large number of iterations to complete object segmentation. Although, the LGBMs are good at dealing with in-homogeneous images, they have strict requirements for the initial curve and improper initial curves result in the bad segmentation result. In addition, due to computing local grayscale information, the efficiency of LGBMs are relatively low.
Because of the success in the field of image segmentation, ACMs have been applied to target extraction in SAR (synthetic aperture radar) images [23] - [26] . Han and Wu [27] presented a new ACM based on J-divergence entropy (JDE) to segment SAR river images. The JDE model draws upon the J-divergence entropy to build the objective functional instead of the Euclidean distance in most popular ACMs, which can describe grayscale differences of pixels of inner and outer areas more accurately. Thus, it is able to obtain better segmentation results than other models. However, its improvement of segmentation performance is not significant. Wu et al. [28] proposed the fuzzy ACM based on the Gaussian kernel metric (GKM). The GKM model uses the Gaussian radial basis function to build a non-linear form based objective functional, which ensures strong stability of the evolving curve. Furthermore, fuzzy energy is introduced into the objective functional, which prevents the model from getting stuck in a local minimum. Thereby, it can achieve good segmentation of SAR river images in some cases. Unfortunately, the generality of the GKM model is not strong. Song et al. [29] presented a global statistical ACM (GSACM) to extract the oil spill area in SAR images. In this model, the in-homogeneous grayscale distribution is fitted by the Gaussian distribution and then the original image domain is transferred into another domain in which different in-homogeneous grayscale distributions are also Gaussian distributions and separated well. Moreover, a statistical objective functional in the form of the level set function is defined which is combined with the smoothing function. Therefore, the GSACM achieves comparatively good oil spill extraction results. Wang et al. [30] proposed the globally minimized mixed ACM (GMMACM) which is capable of handling oil slick images. The GMMACM is associated with the boundary feature, the local area feature and the global area feature and is defined based on the local and global Gaussian distribution fitting energies. Furthermore, an efficient and fast method is developed to solve the global minimum of the model. Consequently, the GMMACM can segment oil slick images well. Luo et al. [31] developed a multi-text information (MTI) based ACM to extract multi-region in SAR images. In this model, the boundary and area features are introduced into the objective function. Specifically, the boundary feature is obtained by a modified ratio of the exponential weighted average operator and the area feature is extracted by an improved Edgeworth series expansion. Therefore, the MTI model can fulfill the extraction of multi-region in SAR images. Nevertheless, ACMs have achieved some success in SAR image segmentation, their performances in segmentation accuracy and efficiency still need to be further improved.
Besides the above ACM based SAR image segmentation methods, there also exists some other methods for SAR image segmentation. Zheng et al. [32] presented a generalized hierarchical fuzzy C-means (FCM) based image classification method to deal with SAR images. This method is mainly composed of generalized FCM and hierarchical FCM. The generalized FCM applies generalized mean on the linear combination of membership and distance. Moreover, the hierarchical FCM is generated by introducing a more flexible function. Due to these two new FCMs, the proposed method is more robust and effective. Kong et al. [33] used the hierarchical student's-t mixture model to develop a novel image segmentation method. In this method, the standard finite mixture model is considered as a subproblem. Then, a mean template is applied to the prior probabilities and subcondition distributions. Additionally, the student's-t distributions are used to settle the image segmentation. Therefore, the robustness and efficiency of the proposed method are improved. Wan et al. [34] presented a robust FCM using Bayesian non-local spatial information (BNSI) to segment SAR images. For the BNSI method the similarity between patches is measured in terms of the dedicated noise model and the Bayesian formulation. Then, a novel statistical distance metric is defined to suppress the effect of speckle noise. Moreover, the entropy information of the local grayscale histogram is added to the objective function. Consequently, the BNSI method achieves a good results for SAR image segmentation. Guo et al. [35] gave a new super-pixels algorithm based on fuzzy superpixels (FS). The FS method does not assign all pixels to the related superpixels, which avoids assigning them to inappropriate superpixels. In addition, a novel FuzzyS algorithm is developed to generate FS for SAR image classification. Thereby, the FS method obtains a good performance. Above all, SAR image segmentation methods can deal with SAR images, however, their execution efficiencies are not high and they are not able to restrain the effect of interference pixels.
In this paper, we focus on the ACM based SAR image segmentation method and present a new adaptive ACM based on weighted RBPF. First, the normalized intra-class variances of pixel grayscales of inner and outer areas are computed to replace the constant coefficients of the grayscale descriptions of the inner and outer areas in the traditional RBPF and then the weighted RBPF is obtained, which can adaptively modulate the ratios of the grayscale descriptions. Second, the adaptive weights are incorporated to suppress the effect of interference pixels when calculating the grayscale descriptions of the inner and outer areas, which can improve their accuracy. Additionally, we add some regularized terms to the objective functional which ensures the stability of the model. Experiments on SAR images are carried out to validate the effectiveness of the presented model.
The rest of our paper is organized as follows: In Section II, we simply recall and analyze the CV, RBSPF, and LRBPF models. In Section III, we provide details on the proposed model including the construction of the weighted RBPF and the introduction of adaptive weights for calculating the grayscale descriptions. Experimental results and analysis are given in Section IV. Finally, Section V outlines the conclusions.
II. BACK GROUND A. THE CV MODEL
Chan and Vese (CV) supposed that a given image I (x) is composed of two homogeneous areas, namely foreground and background areas. With this assumption, they present a simplified version of the Mumford-Shah model, which is associated with the two phase piece-wise smooth function. Thus, the objective function of the CV model relying on the level set ϕ is described as:
where c i and c o are the grayscale descriptions of the inner and outer areas, µ and λ are the related coefficients, δ (ϕ) and H (ϕ) are the regularized Dirac and Heaviside functions, respectively, which can be computed by:
Considering c i and c o to be fixed, we minimize the objective function E CV (ϕ) with respect to ϕ and obtain the gradient descent flow of Eq. (1) as:
The CV model is a GGBM and is able to handle homogeneous images, whereas it fails to segment in-homogeneous images satisfactorily.
B. THE RBSPF MODEL
Zhang et al. [20] developed a novel region-based signed pressure force (RBSPF) function, which is built by comparing the image pixel grayscales with the mean of the grayscale descriptions of the inner and outer areas. This RBSPF can drive the evolving contour towards the object boundaries and can be described as:
Thereafter, the RBSPF function is utilized to displace the edge-stopping function in the geodesic ACM. Therefore, the gradient descent flow of the RBSPF model is described as:
In order to reduce the model's complexity, Zhang et al. simplified the above equation. The Gauss filter function is introduced to smooth the evolving curve after each iteration; in addition, some non-essential terms are simultaneously deleted. Thus, Eq. (5) can be simplified as:
The RBSPF model is also a GGBM and is not capable of segmenting in-homogeneous images accurately.
C. THE LRBPF MODEL
To cope with in-homogeneous images, Dong et al. [21] exploited the local RBPF (LRBPF) function. It obtains the local grayscale information by computing the grayscale differences between the mean of local grayscale descriptions of the inner and outer areas and the image pixel grayscales. Therefore, the objective functional of the LRBPF model is expressed as:
where f i and f o are the local grayscale descriptions of the inner and outer areas. By keeping f i and f o fixed, Eq. (7) can be minimized relying on the steepest gradient descent method. Thus, the gradient descent flow of the LRBPF model is expressed as:
Following this, δ (ϕ) can be replaced by |∇ϕ| [36] . Hence Eq. (8) can be rewritten as:
The LRBPF model is a LGBM and is capable of handling in-homogeneous images. However, it is sensitive to curve initialization.
D. THE INTRINSIC RELATION AMONG THE CV, RBSPF, AND LRBPF MODELS
Before analyzing these three models, we first rewrite the gradient descent flow of the CV model, namely Eq. (3). By removing the regularized term µdiv ∇ϕ |∇ϕ| , Eq. (3) can be deformed as:
Similarity, we use |∇ϕ| to replace δ (ϕ); therefore, Eq. (10) is rewritten as:
By observing Eq. (6), Eq. (9) and Eq. (11), and ignoring globality and locality of the models, we remove the main term I −
|∇ϕ|) among the above three models. The remaining terms
2λ (c i − c o ) can be considered as constants during the contour evolution and can be omitted [37] . Thus, we utilize a unified objective functional to summarize the above three models, which is described as:
where g i and g o represent (global or local) grayscale descriptions of the inner and outer areas and k is an adjustable coefficient.
III. PROPOSED MODEL A. A NOVEL ACTIVE CONTOUR MODEL BASED ON WEIGHTED RBPF
By observing the above unified objective functional Eq. (12), we know the coefficients of grayscale descriptions of the inner and outer areas, namely the coefficients of g i and g o are the same constants. These coefficients are selected on the condition that the foreground and background areas are both homogeneous. Actually, the foreground and background of real images are complex and in-homogeneous. In addition, the grayscale differences of inner and outer areas also continuously change during the curve motion. Thus, having the same constant coefficients for grayscale descriptions of the inner and outer areas is not reasonable. To settle this issue, the normalized intra-class variances of pixel grayscales of the inner and outer areas are used as the new coefficients of grayscale descriptions of these areas, which adaptively modulates the ratios of the grayscale descriptions. Consequently, a novel ACM based on weighted RBPF (WRBPF) is presented and its objective functional is described as: (13) where v ni and v no are the normalized intra-class variances of pixel grayscales of the inner and outer areas, which are computed by:
where v i and v o are the intra-class variances of pixel grayscales of the inner and outer areas, and N 1 and N 2 are the number of pixels in these areas. Likewise, by keeping c i and c o fixed, we minimize the objective function of the WRBPF model and then its gradient descent flow is gained, which is described as:
where c i and c o are the grayscale descriptions of the inner and outer areas, which are computed by:
During the curve evolution, the grayscale differences of the inner and outer areas vary along with the curve motion. When the grayscale differences of the inner area is larger than those of the outer area, v i will be larger than v o , furthermore v ni will be larger than v no . Therefore, in WRBPF, the ratio of the grayscale description of the inner area c i is larger than the ratio of the grayscale description of the outer area c o . On the contrary, when the grayscale differences of the outer area is larger than those of the inner area, v o will be larger than v i , furthermore v no will be larger than v ni . Thus, in WRBPF, the ratio of the grayscale description of the outer area c o is larger than the ratio of the grayscale description of the inner area c i . Due to the new coefficients of the grayscale descriptions of the inner and outer areas, the WRBPF model can adaptively modulate the ratios of the grayscale descriptions, which controls the curve motion more accurately.
B. INTRODUCTION OF ADAPTIVE WEIGHTS FOR CALCULATING THE GRAYSCALE DESCRIPTIONS
In existing ACMs, the grayscale descriptions of the inner and outer areas are obtained by computing the arithmetic means of pixel grayscales of the inner and outer areas. In other words, the pixel grayscales in each area are assigned the same weights one when calculating the grayscale descriptions.
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Thus, every pixel has the equivalent effect, which leads to interference pixels affecting the accuracy of the grayscale descriptions severely. To overcome this difficulty, the adaptive weights are introduced to calculate the grayscale descriptions, which can be described as:
where c wi and c wo are the weighted grayscale descriptions of the inner and outer areas, ω i and ω o are the adaptive weights of these areas, which are defined as:
Relying on Eq. (18), we know that the closer the image pixel grayscale in the inner (outer) area is to the grayscale description of the inner (outer) area, the larger the adaptive weight of the inner (outer) area. On the contrary, the farther the image pixel grayscale in the inner (outer) area is from the grayscale description of the inner (outer) area, the smaller the adaptive weight of the inner (outer) area. Especially, when the image pixel grayscale is equal to the grayscale description, its weight will be one, which affects the calculation of the grayscale description completely. In addition, the interference pixel grayscales in the inner and outer areas always significantly differ from their grayscale descriptions. Therefore, their adaptive weights will be small, which affects the calculation of the grayscale description slightly. Consequently, the proposed model can repress the effect of interference pixels and obtain more accurate grayscale descriptions.
C. ADVANTAGES OF THE ADAPTIVE WRBPF MODEL AND ITS IMPLEMENTATION
Based on the above, the objective functional of the adaptive WRBPF (AWRBPF) model is finally described as:
By keeping c wi and c wo fixed, Eq. (19) can be minimized relying on the steepest gradient descent method. Thus, the gradient descent flow of the AWRBPF model can be expressed as:
Thereafter, δ (ϕ) can be replaced by |∇ϕ|, and some regularized terms can be incorporated to maintain the stability of the curve. Thus, Eq. (20) can be rewritten as:
where the first and second terms are the length regularized and penalty terms, υ and s are the corresponding coefficients. We state the merits of the AWRBPF model below:
(1) The AWRBPF model can control the curve motion more accurately.
In existing RBPF based ACMs, the coefficients of grayscale descriptions of the inner and outer areas are the same constants. However, the grayscale differences of the inner and outer areas are different and also continuously change during the curve motion. Thus, having the same constant coefficients is not reasonable. Different from those models, the AWRBPF model uses the normalized intra-class variances of pixel grayscales of the inner and outer areas as the new coefficients which can reflect the grayscale differences and change along with the curve motion. Thus, they are able to modulate the ratios of the grayscale descriptions adaptively, which results in more accurate control of the curve motion.
(2) The AWRBPF model can repress the influence of interference pixels while calculating the grayscale descriptions.
The existing ACMs obtain the grayscale descriptions of the inner and outer areas by computing the arithmetic means of pixel grayscales of these areas and the interference pixel grayscales have a strong influence on their computation, which reduces the accuracy of the grayscale descriptions. By contrast, in the AWRBPF model, adaptive weights are introduced into the calculation of the grayscale descriptions, which makes the interference pixels affect the calculation of the grayscale descriptions only slightly. Therefore, the AWRBPF model can obtain the more accurate grayscale descriptions.
Next, the AWRBPF model is implemented in Algorithm 1. (17) and (18) 
IV. EXPERIMENTAL RESULTS AND ANALYSIS
To illustrate the performance of the AWRBPF model, we test it using various kinds of images, especially some SAR images. Meanwhile, its segmentation results are compared with those of some popular and the-state-of-the-art ACMs.
The segmentation experiments are carried out on a personal computer with Intel Core i7-4700MQ 2.4GHz, 8 RAM, MATLAB 2017A, Windows 10. 
A. APPLICATION ON SYNTHETIC AND REAL-WORLD IMAGES
The first experiments are performed on some synthetic and real-world images. We compare the AWRBPF model with the CV, RBSPF, LRBPF, and LRBSF models. Their related coefficients are set as below: In the CV model, µ = 0.01 × 255 2 , λ = 1, t = 0.1, ε = 1. In the RBSPF model, α = 10, t = 0.1, ε = 1. In the LRBPF model, t = 0.1, ε = 1. In the LRBSF model, µ = 0.01 × 255 2 , λ = 1, r = 7, t = 0.1, ε = 1. In the AWRBPF model, υ = 0.1 × 255 2 , s = 1, k = 10, t = 0.1, ε = 1. The segmentation results of the synthetic and real-world images are shown in Figure 1 . Figure 1 illustrates the segmentation results of the synthetic and real-world images by the CV, RBSPF, LRBPF, LRBSF and AWRBPF models. Four images are respectively the synthetic image in presence of blurred edges, the synthetic image with Gaussian noise, the real-world image with multi-targets and the real-world with interference texture. The CV and RBSPF models which are GGBMs produce comparatively good results. Judging from the above results, the RBSPF model is slightly superior to the CV model. However, both of them cannot suppress the effect of Gaussian noise in the second-row and the effect of the interference texture in the fourth-row. The LRBPF and LRBSF models which are
LGBMs obtain undesired results. On one hand, they easily suffer from getting stuck in a local minimum, which results in the edge fracture. On the other hand, they are sensitive to the Gaussian noise and interference pixels and there exists a lot of detailed information in the resulting images. The AWRBPF model can adaptively modulate the ratios of the grayscale descriptions. Therefore, it successfully represses the effect of Gaussian noise and interference pixels. Consequently, the AWRBPF model achieves the desired results.
B. APPLICATION ON SAR RIVER IMAGES
Next, we apply the AWRBPF model to the SAR river image segmentation. Two popular ACMs among the above models, namely the RBSPF and LRBPF models, are retained and three state-of-the-art ACMs, namely the MTI model which is SAR image segmentation model and the JDE and GKM models which are specific SAR river image segmentation models, are added. These are selected as the comparison models. Their related coefficients are set as follows: In the RBSPF model, α = 15, t = 0.1, ε = 1. In the LRBPF model, t = 0.1, ε = 1. In the JDE model, µ = 0.01 × 255 2 , w = 0.5, t = 0.1, ε = 1. In the GKM mode, µ = 0.01 × 255 2 , λ = 1, m = 2, t = 0.1, ε = 1. In the MTI model, α = 2, β = 3, gamma = 2, t = 0.1. In the AWRBPF model, υ = 0.1 × 255 2 , s = 1, k = 20, t = 0.1, ε = 1. Figure 2 shows the segmentation results of the SAR river images. Figure 2 shows the segmentation results of the SAR river images by the RBSPF, LRBPF, JDE, GKM, MTI and AWRBPF models. The RBSPF model has difficulty handling the SAR river images and many interference areas are falsely taken as the region areas in the resulting images. The LRBPF model produces bad results in which there are many unnecessary details. Additionally, edge fracture occurs in the river areas. The specific SAR river image segmentation models, namely the JDE and GKM models, can obtain better results than the former two models. The interference areas VOLUME 7, 2019 in their images are reduced to some extent. Furthermore, the segmentation effect of the JDE model is slightly superior to the GKM model. However, both two models still cannot segment SAR river images accurately. The MTI model obtains relatively good results due to its multi-region segmentation ability. Unfortunately, its segmentation accuracy is not ideal. The AWRBPF model can not only attain more accurate grayscale descriptions, but it can also modulate the ratios of the grayscale descriptions. Thus, it produces the most accurate results in which there are few interference areas.
C. APPLICATION ON SAR OIL SPILL IMAGES
Furthermore, the AWRBPF model is used to segment the SAR oil spill images and the results are compared with the RBSPF, LRBPF and MTI models. In addition, another two specific oil spill extraction models, namely the GSACM and GMMACM, are also selected for comparison. The related coefficients of these models are as below: In the RBSPF model, α = 15, t = 0.1, ε = 1. In the LRBPF model, t = 0.1, ε = 1. In the GSACM, θ = 0.01, λ = 1, t = 0.1, ε = 1. In the GMMACM, σ = 4, ω = 0.01, θ = 0.02, κ = 0.4, t = 0.1. In the MTI model, α = 2, β = 3, γ = 2, t = 0.1. In the AWRBPF model, υ = 0.1 × 255 2 , s = 1, k = 15, t = 0.1, ε = 1. Figure 3 shows the segmentation results of the SAR oil spill images. Figure 3 illustrates the results of the RBSPF model, the LRBPF model, the GSACM, the GMMACM and the AWRBPF model. The RBSPF model is not capable of extracting the oil spill areas well and there are some falsely extracted oil spill areas in the resulting images. Obviously, the LRBPF gets stuck into a local minimum, which leads to the area reversal. The specific oil spill extraction models, namely the GSACM and the GMMACM, achieve better results and have fewer false extractions of oil spill areas than the RBSPF and LRBPF models. Especially, the MTI model for multiregion segmentation produces comparatively good extraction results; however, they are still not satisfying. The AWRBPF model achieves the most accurate extraction results.
D. QUANTITATIVE ANALYSIS OF MODEL PERFORMANCE
Before we carry out a quantitative analysis of the performance of above experimental models, two quantitative evaluation standards are introduced, namely accuracy (Q a ) and false alarm (Q f ), and they can be calculated as:
where TP is the correctly segmented target areas, FP is the incorrectly segmented target areas, TN is the correctly segmented background areas, FN is the incorrectly segmented background areas. In addition, Q a reflects the entire segmentation accuracy of the model and Q f represents the ratios of the incorrectly segmented target areas in the result image. Therefore, we calculate Q a and Q f of above segmentation results based on Eqs. (22) and (23) and then their calculations are given in Tables. 1-3 . In Table 1 , for the synthetic and real-world images, the CV and RBSPF model gain relatively high Q a , however, they can not suppress the effect of interference pixels and their Q f are not small in second and fourth row images. The LRBPF and LRBSF models are trapped in local minima, which leads to low Q a and high Q f . The AWRBPF model achieves the highest Q a and lowest Q f .
In Table 2 , for the SAR river images, the RBSPF model cannot achieve the desired Q a and Q f . The LRBPF model produces the lowest Q a and the highest Q f due to its local minima problem. The JDE and GKM models get similar Q a and Q f which are better than the former two models, but their evaluation values are still not satisfying. Due to its multiregion segmentation ability, the MTI model obtains higher Q a and lower Q f than the previous models; however, they are not sufficiently satisfying. By contrast, the AWRBPF model gains the best Q a and Q f . In Table 3 , for the SAR oil spill images, the RBSPF and LRBPF models are unable to get the ideal Q a and Q f , and their Q f are relatively high. The GMMACM gains better Q a and Q f than the above two models. The GSACM and MTI models clearly obtain good Q a and Q f . Especially for the MTI model, its Q a exceed 90 percent. However, they can be further improved. The AWRBPF model fortunately achieves better Q a and Q f than the GSACM and MTI models.
In terms of Tables. 1-3, the AWRBPF model shows the best segmentation effect. More precisely, all of its Q a values exceed 90 percent and its Q f values are lower than 15 percent.
E. ROBUSTNESS TO INITIAL CURVE OF THE AWRBPF MODEL
To verify the robustness to the initial curve of the AWRBPF model, we choose a synthetic image, a real-world image, a SAR river image and a SAR oil spill image from the above three groups of images to test it with five different initial curves. Their results are shown in Figure 4 .
V. CONCLUSION
In this paper, we propose a new adaptive active contour model based on weighted region-based pressure force (RBPF). First, the normalized intra-class variances of pixel grayscales of the inner and outer areas are used as the new coefficients of the grayscale descriptions of these areas to construct the weighted RBPF, which can adaptively modulate the ratios of the grayscale descriptions. Second, the adaptive weights are incorporated to repress the effect of interference pixels when calculating the grayscale descriptions of the inner and outer areas, which can improve their accuracy. Experimental results for various kinds of images, especially for SAR images, show us the desired segmentation performance of the AWRBPF model as compared to state-of-the-art ACMs. More precisely, its Q a values exceed 90 percent and its Q f values are lower than 15 percent. The drawback of the AWRBPF model is that it is difficult to handle images with in-homogeneous complex target areas without using the local image grayscale information. This issue will be addressed in our future research.
